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ABSTRACT

Biological terrorism is a threat to the security and well-being of the United States.
It is critical to detect the presence of these attacks in a timely manner, in order to provide
sufficient and effective responses to minimize or contain the damage inflicted.
Syndromic surveillance is the process of monitoring public health-related data and
applying statistical tests to determine the presence of a disease outbreak in the observed
system.

Our research involved a comparative analysis of two multivariate statistical
methods, the multivariate CUSUM (MCUSUM) and the multivariate exponentially
weighted moving average (MEWMA), both modified to only look for increases in
disease incidence. While neither of these methods is currently in use in a biosurveillance
system, they are among the most promising multivariate methods for this application.

Our analysis was based on a series of simulations using synthetic syndromic
surveillance data that mimics various types of background disease incidence and
outbreaks. We found that, similar to results for the univariate CUSUM and EWMA, the
directionally-sensitive MCUSUM and MEWMA perform very similarly.
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EXECUTIVE SUMMARY

Syndromic surveillance is the process of prospectively monitoring health data in
order to alert public health officials to a suspected increase in disease incidence in the
general population as soon as possible. Prior to the advent of syndromic surveillance,
public health surveillance had generally been limited to retrospectively analyzing medical
data.  However, the retrospective analyses often proved to be too time-consuming,
failing to signal an alert within a reasonable time period. Timely alarms may help
prevent spread of the disease and has the potential to significantly improve effective
response to an outbreak or bioterrorism attack, particularly if the disease is contagious.
The main goal when using these methods is to detect outbreaks as quickly as possible, in
order to optimize the response time for the public health officials.

In an effort to reduce the delay time, public health organizations have begun to
implement syndromic surveillance systems that are intended to provide for earlier
detection, often applying existing statistical process control (SPC) methods such as the
cumulative sum (CUSUM) and the exponentially weighted moving average (EWMA)
control charts. These control charts monitor the distribution of a test statistic and signal
when an out-of-control threshold has been exceeded. While univariate versions of the
CUSUM and EWMA methods are also viable analysis techniques in syndromic
surveillance, this thesis concentrates on evaluating a multivariate CUSUM (MCUSUM)
and a multivariate EWMA (MEWMA), both modified to only look for increases in
disease incidence. While neither of these methods is currently in use in a biosurveillance
system, they are among the most promising multivariate methods for this application.

This thesis compares and contrasts the relative performance of the directionally
sensitive MCUSUM and MEWMA on simulated data designed to mimic various types of
background disease incidence and outbreaks. Syndromic surveillance data is inherently
non-stationary and positively correlated — characteristics which do not coincide with
traditional i.i.d. SPC assumptions. To account for these characteristics, the MCUSUM
and MEWMA are applied to the residuals of an adaptive regression with a sliding

baseline.
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In order to appropriately compare the two, each method’s various parameters ( A
for MEWMA and k for MCUSUM) were first determined such that both methods
performed as similarly as possible under the standard i.i.d. assumptions. Following
recommendations in the literature, we set 4 =0.2 throughout all the simulations and
through an iterative process found the k for which the MCUSUM performed as similarly
to the MEWMA with A4 =0.2as possible (k =0.74).

Once the methods’ parameters were determined, control limits were chosen to
produce a certain “in-control” average run length (ARL) or average time to first signal

(ATFS), denoted by ARL, or ATFS,. That is, the thresholds were set so that the two

methods performed equally well in the absence of an outbreak. This guaranteed a fair
comparison of the two methods when evaluating their performance at detecting various
types of outbreaks. For the simulations in this study, we found control limits that set the

in-control ARL and ATFS values are within one day of a 100 day target.

The accepted metric in SPC practice is the ARL, which measures the average
number of time units it takes before a method signals an alarm. However, in the context
of syndromic surveillance, the transient nature of disease outbreaks often precludes the
use of the ARL metric. That is, in the industrial SPC world, a common and reasonable
assumption is that once an “out-of-control” condition occurs, it persists until a detection
method signals. Hence, using the “out-of-control” ARL is an effective metric for
comparing the relative performance of methods to detect various out-of-control
conditions. However, in syndromic surveillance, disease outbreaks start, peak, and then
ultimately subside and go away. Thus, it is important to also assess performance in terms
of a procedure’s ability to detect an outbreak within the period of the outbreak.

In this study, two metrics are used to assess the methods’ performance on
syndromic surveillance data. The first is the percentage of the time that a method does
not detect during an outbreak period, which provides insight regarding the utility of the
signals. If the detections occur after the outbreak has ended, then the method is not
providing a useful signal. The second metric is the conditional average time to first
signal (ATFS) given that the method did detect during the outbreak period, which
illustrates how fast the method is signaling when it detects an outbreak.

XViil



The main simulations in this thesis were conducted on 18 cases with varying
amplitude, standard deviation, and outbreak peak. These cases generated ATFS, ATFS
given a true signal, and Percent Miss statistics along with their respective standard errors.
We found that, similar to results for the univariate CUSUM and EWMA, the
directionally-sensitive MCUSUM and MEWMA perform almost identically under all of
the 18 cases evaluated. While there seems to be no performance advantage of one
method over the other, the MEWMA is preferred for procedural simplicity as compared
to the MCUSUM.

XiX
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l. INTRODUCTION

A. BACKGROUND INFORMATION

Syndromic surveillance is the process of monitoring health data in order to alert
public health officials to a suspected increase in disease incidence in the general
population as soon as possible. Traditional biosurveillance methods have been limited to
retrospectively analyzing medical and public health data to verify the existence of a
disease outbreak (Shmueli 2006). Via these traditional methods, the process of collecting
and analyzing can take days, even weeks, before definitively concluding that an outbreak
has occurred and alerting officials. The timeliness of the alarm may help prevent spread
of the disease and has the potential to significantly improve effective response to an
outbreak or bioterrorism attack, particularly if the disease is contagious. It may also
improve medical response to the way a disease is treated, especially diseases with an
exponentially decreasing survival probability as time elapses. For example, the
probability of surviving anthrax if caught in the first three days compared to a diagnosis

beyond the three day threshold drops significantly (Goldenberg 2002).

In recent times, public health organizations have begun augmenting their
retrospective biosurveillance processes with prospective methods that are intended to
provide for earlier detection, minimizing the lag between disease outbreak and an
appropriate containment response. These new biosurveillance efforts apply control chart
methods borrowed from statistical process control (SPC), such as the cumulative sum
(CUSUM) and the exponentially weighted moving average control chart (EWMA). These
control charts are used to detect changes in the distribution of a test statistic, and signal
when a pre-determined out-of-control threshold has been exceeded, which provides some
evidence that an outbreak has occurred (Joner 2006). See Montgomery (2001) for a
review of the fundamentals of statistical process control, including descriptions of the
standard CUSUM and EWMA procedures. For a review of the use of control charts in

the broader context of health care and public health surveillance, see Woodall (2006).



When monitoring for outbreaks in a single region or a single time series, the
univariate EWMA and the one-sided univariate CUSUM can be effective methods for
achieving timely detections. Woodall and Ncube (1985) first proposed the application of
simultaneous univariate CUSUMs in a multivariate application. Multiple simultaneous
univariate procedures have the advantages of ease of implementation and interpretation,
but then can be less sensitive to some types of changes when compared to multivariate
methods. Thus, when the data are available from multiple regions or multiple time series,
a multivariate method has the potential to be more effective because it uses information

from multiple data streams or regions.

B. PROBLEM STATEMENT

This thesis compares and contrasts the relative performance of the multivariate
CUSUM (MCUSUM) and multivariate EWMA (MEWMA) methods proposed by
Fricker (2007) and Joner et al. (2006), respectively. While neither of these methods is
currently in use in a syndromic surveillance system, they are among the most promising
multivariate methods for such applications. The comparisons were conducted using
simulated syndromic surveillance data in a variety of scenarios designed to mimic the
main features of real syndromic surveillance data. The goal of this research was to gain
some insight into the relative performance of the two methods, particularly whether there

are some scenarios under which one method is to be preferred over another.

C. THESIS OUTLINE

The thesis is organized as follows: In Chapter Il, the standard MCUSUM and
MEWMA methods are described, including the modifications necessary to make them
directionally sensitive. Chapter 111 describes how the procedures’ parameters were
determined so that both methods perform similarly under the standard i.i.d. assumptions.
Chapter 1V describes how the simulated background disease incidence counts and
outbreaks were generated. Chapter V defines the set of simulation scenarios and presents
the results from the comparative analysis. Chapter VI concludes with a summary of the

results and offers some recommendations on the use of performance metrics as applied to

2



syndromic surveillance. Appendix A includes all of the MATLAB code used for the
simulations in this thesis. Appendix B is a collection of all results plots from the main
simulations. Appendix C shows the Microsoft Excel spreadsheet that we used to assess

the statistical significance of the observed differences between the two methods.
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Il. DESCRIPTION OF THE MULTIVARIATE METHODS

The one-sided univariate CUSUM control chart can be effective for the timely
detection of an outbreak in a single region. However, when data streams are available
from multiple regions, a multivariate method has the potential to be more effective. Such
a multivariate monitoring method appropriately combines information from several
regions into a single control chart. Multiple univariate procedures have the advantages of
ease of implementation and interpretation, but may be less sensitive to certain changes as
compared to multivariate forms (Fricker 2006). The multivariate approach also avoids
multiple-testing, which can inflate the false-alarm rate, as well as increase the power to
detect triggers that the univariate charts were not able to pick up (Shmueli 2006).

Many multivariate methods are directionally invariant, meaning that they are
designed to detect changes in a mean vector equally well in all directions (Fricker 2006).
While directional invariance is important when the objective is to detect a departure in
any direction from a specific vector, the primary goal in syndromic surveillance is to
detect increases in one or more disease incidence counts. Simply put, in syndromic
surveillance applications, it is only relevant to flag increases; there is no need to signal if
the disease count is lower than expected. Therefore, in this research we compare and
contrast two directional multivariate methods, the directionally sensitive multivariate
CUSUM from Fricker (2007) and a directional MEWMA control chart from Joner et al.
(2006).

The basic methods are described below, how they were applied to the syndromic
surveillance data is described in Chapter I, Section C, and the MATLAB code

implementing the two methods in the simulations is contained in Appendix A.

A MCUSUM

Suppose that we observe Xi:{Xl,Xz,...,Xp}, a p-dimensional set of

observations at time i. In the syndromic surveillance case, this may be, for example, a



vector of chief complaint counts at the p different hospitals in the area. Crosier (1988)

introduced a multivariate CUSUM that at each time i calculates the statistic S, as

S, = (S, + X, —w)(1-k/C,), if C, >k, (2.1)

where p is the target vector representing the mean of the process when it is “in-control,”

k is a predetermined statistical distance,

Co=y(Siy+ X —1)' XS+ X —p). (2.2)

and X is the covariance matrix of the “in-control” observation streams. If C, <k, the

process resets S, =0. The MCUSUM starts with S, =0 and sequentially calculates

Y =S 2, (2.3)

The MCUSUM triggers an alarm when Y, exceeds a pre-determined threshold h

that is chosen to achieve a desired in-control average time to first signal (ATFS). Crosier
states that selecting an appropriate parameter k “[i]n the univariate [CUSUM] case, the

quantity S, ; + X, —p is shrunk towards 0 by k standard deviations. If this is to hold for

the multivariate case, k must satisfy k'EX 'k =k* — that is, k must be of length k , where

length is defined by using the covariance matrix X (Crosier 1988).

Fricker (2007) modified Crosier’s MCUSUM to make it directionally sensitive to
increases in one or more dimensions. Directionality is achieved by bounding each
component of the of the cumulative sum vector in Equation (2.1) by zero, much like the

univariate CUSUM is reflected at zero. That is, whenC, >k, replace Equation (2.1) with

S,; =max| 0,(S,;+X;; —24)(1-k/C))], (2.4)

for each component of the S, vector, j=1...,p.

B. MEWMA
Lowry et al. (1992) introduced an alternative to the MCUSUM called the

multivariate exponentially weighted moving average (MEWMA). It is a simple
6



expansion of the univariate EWMA through the use of vectors. Joner et al. (2006)
subsequently modified the MEWMA to make it directionally sensitive.

As with the MCUSUM, assume we observe X; ={X,, X,,...,X,}. Denote the in-

control mean for X, by the vector p and let X be the covariance matrix. Assume that p
and X are known. These quantities can be estimated from historical data. Calculate

(2.5)

5 _ max[A(X; —p)+(1-1)Z,,,0] fori>0
"o fori=0'

where the max operator is applied to the argument vectors component by component,

effectively bounding each element of Z. by 0. Z. is essentially a weighted average of

the current observation standardized around 0 and the previous Z statistic. Since all

elements of Z, are bounded by zero, the resulting chart will tend to signal only as a result

of increases in the observed incidence rate (Joner 2006). The parameter A4 >0 is known
as the smoothing parameter and A controls the weight assigned to the new observation

vector.

In Joner et al. (2006), the covariance matrix for Z; is shown to be

ﬂ@—@—if}z

X, = (2.6)
“ 21
Taking the limitas i — «,
A

X, =—2X 2.7
2 =5 (27)

X, isthen used to calculate the test statistic MEW, where
MEW, =Z/X' Z,. (2.8)

The MEWMA process signals an alarm whenever MEW, exceeds a

predetermined threshold value h which is set to achieve a desired ATFS. If MEW, does



not exceed h, then the MEWMA process iterates through the next time step with a new
observation vector, recalculating the test statistic, and continuing until such time as the
MEW, > h.

The MEWMA (and MCUSUM) assumes that the observations are generated by a

p -dimensional multivariate normal distribution, N (p,X) over the entire period of

observation. In particular, it assumes that the mean vector p does not change over time

(ie., it is “stationary”), an assumption that generally does not apply to syndromic

surveillance.

To account for the non-stationary nature of syndromic surveillance data, the
MCUSUM and MEWMA are not applied to the raw data. Rather, they are applied to the
standardized residuals from an “adaptive regression with sliding baseline” (Burkom et al.
2006) designed to first remove any systematic trends from the data (such as seasonal

fluctuations in disease incidence).

C. ADAPTIVE REGRESSION

Systematic trends, such as seasonal cycles and other patterns, are a natural
characteristic of syndromic surveillance data. Not only are the data non-stationary, but
the trends also tend to occur over all of the dimensions in the scenario, showing that
positive correlation exists.  The non-stationary, correlated nature of syndromic
surveillance does not coincide with the traditional i.i.d. SPC assumptions, which is to say
that these methods, as they stand, assume that the data do not contain such trends (Fricker
2006).

One solution to this is to perform an adaptive regression on the data to forecast
the next day’s observation and then apply the MEWMA and MCUSUM methods to the
forecast errors. Examples of this and similar approaches in the literature include
Brillman et al. (2005), who apply the CUSUM to prediction errors; the CDC’s cyclical
regression models discussed in Hutwagner et al. (2003); log-linear regression models in
Farrington et al. (1996); and time series models in Reis et al. (2003). See Shmueli (2006)

for additional discussion of the use of regression and time series methods for syndromic
8



surveillance and Burkom et al. (2006) for a comparison of two regression-based methods
and an exponential smoothing method using adaptive regression in the context of
syndromic surveillance. Also see Lotze et al. (2006) for a detailed discussion of
preconditioning applied to syndromic surveillance data.

One option for handling the systematic component in syndromic surveillance data
is to use the “adaptive regression model with sliding baseline” of Burkom et al. (2006). It

is parameterized as follows: Let X, be the observation (say chief complaint count on day

i). These observations are then regressed against time, for some fixed number of time
periods n (Burkom et al. used an 8-week period, n=56). Then the regression would
look like

Xi=p,+pi+e (2.9)
where S, is an intercept term, S, is the slope, and ¢ is the error term. The model is fit using

the usual ordinary least squares approach. The estimates for each time period

I,...,i—(n=1), where time is always relative to the current observation, are

Xi =ﬁo+ﬁ1i' (2'10)
where ,30 is the estimated intercept and ,Bl is the estimated slope. The forecast error for
time i+1 is

ri+l:Xi+1—[ﬁO+ﬁ1(i+1)] (2.11)

Within the framework of syndromic surveillance, at each time i we refit the models and,

if the models fit well, then the r.s should be “small” according to mean square deviation.

We extend this approach for multivariate data by applying the regression model in

Equation (2.9) to each dimension j independently and then calculating the respective
forecast errors as shown in Equations (2.12), (2.13), and (2.14).
Xi; =P+ B ji+e (2.12)

A

Xi,j :,éo,j"':él,ji (2'13)

9



M = Xio _[Bo,j +ﬁ1,j (i +1)] (2.14)

Dunfee and Hegler (2007) studied the performance of adaptive regression in one

dimension to determine “optimal” sliding baselines (n) for different background

scenarios using a tool similar to the data generation and adaptive regression tool
described in Appendix A. The “optimal” sliding baselines were chosen by inspecting a
plot of the mean squared deviation from the adaptive regressions over various n values
and choosing the smallest n that achieved close to the minimum mean squared deviation.
Since our multivariate extension is a sequence of independent adaptive regressions in
each dimension, we apply these “optimal” sliding baseline values to the simulation cases

described in Chapter IV.

D. MODIFIED MULTIVARIATE METHODS

As was previously described, the MCUSUM and MEWMA are applied to the
residuals from the adaptive regression models in order to remove the systematic trends
from the data. Figure 1 illustrates this transformation from syndromic surveillance
counts to residuals, where on the left side in Figure 1 the systematic trends are clearly
evident in the data but on the right side the residuals do not show any visual evidence of
the trends. The procedure for simulating syndromic surveillance data is described in
Chapter IV, Section A.

10



Syndromic Surveillance Data Residuals from Adaptive Regression
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Figure 1.  Transforming one year of syndromic surveillance data using adaptive
regression — Parameters: f =90, A=20, 0 =10, n=35

The MCUSUM and MEWMA can now be applied to these residuals. Assuming
that there is enough historical data in place to regress over the “optimal” sliding baseline,
the modified versions of the methods include the following sequence of events:

. Observe the next day’s count.

o Apply the multivariate adaptive regression technique to the data and
calculate the residual value, r, ;, for each dimension j, where i is the

current day.

o Update the MCUSUM or MEWMA statistic using the current day’s
residuals.

o If the control limit threshold is exceeded, signal an alarm. If the threshold
is not exceeded, repeat the process.

This modified version introduces a complication in implementing the methods.
The methods are no longer run on the original data, so different input parameters are
needed. Both the MCUSUM and MEWMA require the in-control covariance matrix of
the residuals as inputs. Although the correlation is removed from the data after adaptive
regression, the standard deviation of the residuals is slightly greater than the original

standard deviation from the noise in the data. In order to overcome this problem, we

11



estimate the standard deviation of the residuals by generating background disease
incidence data (no outbreaks) and run the adaptive regression technique for many days.

We used the sample standard deviation from these residuals, &, as an estimate of the
true standard deviation. The in-control covariance matrix input is now £=4&2-1. To

accommodate for this change, we standardize the residuals by dividing each r, ; by &;.

Instead of running the methods on r={r, K, 5;",}, we will run them on

r:{n,llé-R’ﬁ,zl&R’n,sl&R’n,4/6—R} onday i.

The MATLAB code for these modified procedures is in Appendix A.
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1. METHOD PARAMETERS AND COMPARISON METRICS

Before it is possible to compare the performance of the MCUSUM and the
MEWMA, this chapter describes how the methods’ various parameters were determined.
It also describes the metrics used to compare and contrast the methods’ performance in

the syndromic surveillance problem.

A. CHOOSING PARAMETERS 4 AND k

In order to appropriately compare the MEWMA to the MCUSUM, we determined
the parameter settings such that both methods performed as similarly as possible under
the standard i.i.d. assumptions. Given these parameter settings, we then compared and
contrasted their performance under various syndromic surveillance scenarios (Chapter
V). Since we will subsequently use these methods to monitor the forecast residuals from
adaptive regression models, we expect that the residuals of good regression models
should be approximately independently normally distributed. Thus, this initial work

helped us to understand how to apply these methods in this application.

For these simulations, the data was modeled as independent identically distributed

multivariate N(0,X) observations (in four dimensions). The out-of-control conditions

were modeled as a uniform increase in the mean vector across all four dimensions.
Because these assumptions do not include the characteristics of public health data, we

used the ARL metric to compare performance.

Following the recommendation of Joner and Montgomery, we set 4=0.2

throughout all of the simulations (2006; 2001) and then control limits were determined so

that the MEWMA achieved an in-control average run length (ARL) of 100 days. The

ARL measures the average number of time units it takes before a method signals an
alarm. We chose this in-control ARL value for both methods standardizing them for our
controlled comparisons. We assume the methods will have similar relative performance
results regardless of the specific value of the in-control ARL. Depending upon the

context of the observed system in the real world, the in-control ARL can be fixed to
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achieve any desired false alarm rate. For a discussion on setting control limit thresholds,
see Chapter Il1, Section B. Setting 4 =0.2 is consistent with the recommended range for
A for the univariate EWMA (see Montgomery 2001, for example). Similarly, given a
value of k, control limits can be chosen for the MCUSUM to achieve an in-control ARL
of 100 days. The issue then was to find the value of k such that the MCUSUM
performed as similarly to the MEWMA as possible.

After initially trying k values ranging from k=0.2 to k=1.8, as shown in
Figure 2 we determined that k =0.74 gives the closest MCUSUM ARL performance to
the MEWMA with 2 =0.2, where we set all of the components of the k vector equally

(e.g., for k =0.74 we set k = {0.37,.037,0.37,0.37}).

Relative ARL Performance for MCUSUMs against the MEWMA
12 T T T T T T T T T

mewma lambda=.2
— — — mecusum k=0.6
—&— mcusum k=0.74
------- mcusum k=1

1.1

0.95

Proportion of MEWMA ARL

ook J

0.85F .

0.8 ! ! ! ! ! ! !
0 0.2 04 0.6 08 1 12 1.4 16 1.8 2

Magnitude of the Out-of-Control Mean

Figure 2.  Plot of the relative ARL performance for multiple MCUSUM instances
against the MEWMA with 4 =0.2 illustrating evidence that k =0.74
makes the MCUSUM perform the closest to the MEWMA.
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As Figures 2 and 3 show, for k <0.74, the MCUSUM signals faster than the
MEWMA for small values of the out-of-control mean but signals much slower as the
magnitude of the out-of-control mean increases. Conversely, as k increases from 0.74,
the MCUSUM begins to signal slower than the MEWMA for small values of the out-of-

control mean but signals much faster as the magnitude of the out-of-control mean
increases.

Thus, for the purposes of our simulation comparisons in Chapter V, we set
A=0.2 inthe MEWMA and k =0.74 in the MCUSUM.

Relative Performance for MCUSUMSs against the MEWMA

mewma lambda=.2
— — — mousum k=0.2
=@ mocusum k=0.74
181 P mcusum k=1.8 H

-~
_ - - -

14 g 1

12} , - 8

Proportion of MEWMA ARL
~

0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8 2
Magnitude of the Out-of-Control Mean

Figure 3. A second plot of the relative ARL performance for multiple MCUSUM
instances against the MEWMA with 4 =0.2 illustrating evidence that
k =0.74 makes the MCUSUM perform the closest to the MEWMA. This
plot illustrates the behavior of the MCUSUM for more extreme k values.
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B. SETTING THRESHOLDS
Application of the MEWMA and MCUSUM requires setting specific threshold

values or control limits, h. The thresholds are chosen to produce a certain “in-control”

ARL or ATFS, denoted by ARL, or ATFS,, similar to how “a researcher chooses a

critical value corresponding to a certain o level in a hypothesis test” (Joner 2006). A
syndromic surveillance process is considered “in-control” in SPC terms when no
outbreak is present. The concept of being “in-control” is really a misnomer in the
syndromic surveillance setting since no control is actually exhibited over the background
disease incidence (Fricker and Rolka 2006), but the terminology is used to draw a parallel
to the SPC literature.

For a given scenario, the thresholds are set so that the two methods perform
equally well in the absence of an outbreak — that is, they are set to have equal ARL,s or
ATFS,s. This guarantees a fair comparison of the two methods when evaluating their

performance at detecting various types of outbreaks. Once the thresholds are determined

that result in equal ARL,s or ATFS,s for a given scenario, the methods’ ability to detect
various outbreaks are compared in terms of ATFS given a true signal and percent miss.
In this work, the thresholds were determined empirically as follows. For a

particular method and data scenario, choose an initial guess for h and run the method’s

algorithm m times. Using the output ARL,/ATFS, estimate from this initial trial,
iteratively adjust the threshold h, re-running the method until a desired ARL,/ATFS, is
achieved. Larger values of m will return more precise estimates of the ARL,/ATFS, .

For the simulations in this study, we found control limits that set the in-control ARL and
ATFS values are within one day of a 100 day target, using m large enough such that the

standard error of these estimates were less than one day.

C. PERFORMANCE METRICS
The syndromic surveillance literature measures the performance of detection

measures in terms of sensitivity, specificity, and timeliness (Shmueli 2006). In the
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context of syndromic surveillance, holding all else constant, timely detection of a disease
outbreak is the most important dimension. Specifically, the main goal when using these
methods is to detect outbreaks as quickly as possible, in order to optimize the response

time for the public health officials.

A standard measure of performance in the SPC literature is the ARL . While the
ARL metric was used in the initial comparisons in order to determine A and k, in the
context of syndromic surveillance, the problem with using the ARL as a measure of
performance is the transient nature of disease outbreaks. That is, in the industrial SPC
world, a common and reasonable assumption is that once an “out-0f-control” condition
occurs, it persists until a detection method signals. Hence, using the “out-0f-control”
ARL is an effective metric for comparing the relative performance of methods to detect
various out-of-control conditions. However, in syndromic surveillance, disease outbreaks
start, peak, and then ultimately subside and go away. Thus, it is important to also assess
performance in terms of a procedure’s ability to detect an outbreak within the period of

the outbreak.

Because of this, two metrics are used to assess the methods’ performance on
syndromic surveillance data. The first is the percentage of the time that a method does
not detect during an outbreak period, which is referred to herein as “percent miss.” This
measure provides insight regarding the utility of the signals. If the detections occur after
the outbreak has ended, then the method is not providing a useful signal. The second
metric is the conditional average time to first signal (ATFS) given that the method did
detect during the outbreak period (also referred to as ATFS given a true signal). This
measure illustrates how fast the method is signaling when it detects an outbreak. It is
similar to the “average time to signal (ATS)” in the SPC literature, but because of the
autocorrelation that is often present in syndromic surveillance data (which can and often

does result in repeated alarms), we will only measure the time until first signals.
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IV. MODELING PUBLIC HEALTH DATA

A. BACKGROUND DISEASE INCIDENCE

The background disease incidence behavior in real public health data exhibits
some natural trends. In the context of syndromic surveillance, we define this background
behavior to be the “in-control” state of a system. In attempting to describe this non-
stationary nature of real public health data, there are several candidate effects to consider.
These include a long-term increase effect, a seasonal cycle effect, day-of-the-week
effects, and even holiday effects (Shmueli 2006).

Our model of this background behavior simulates daily counts through a
simplified additive model. In this model, the background disease incidence is
characterized by a seasonal cycle around a baseline mean. This cycle peaks during the
winter season, between the months of December and February. This winter peak is
related to the seasonal recurrence of influenza, which we consider background behavior
in the context of bioterrorism (Shmueli 2006). In the model, this seasonal cycle is a
sinusoid with a one year period. Daily observations are based on a systematic component
determined by the day in the cycle and the overall mean (baseline) and a stochastic
component representing random noise in the data. Because public health data are in the
form of discrete counts, the generated observations are forced to be nonnegative integers.

Specifically, an observation X; ; for day i in dimension j is modeled by

X, ; =max(0,[ B+a, +Y,;(8))) (1)
where:
o L is the baseline value for the disease incidence (grand mean)
o a, Is the seasonal deviation from the baseline mean, calculated as

o, = A-sin(27i/365). A is the amplitude parameter (maximum

systematic deviation from £) with i =1 corresponding to October 1. This
start date allows the peak of the cycle to occur during the winter.

° Y.

. ( /3’) is the random noise around the systematic component with

Y. (8)~N(0,0%)
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. [ x] is the ceiling function, which rounds x up to the next largest integer.

This is needed to incorporate the discrete nature of the counts in public
health data.

Some additional assumptions from the above description are:

o Constant year length. Years are always modeled as 365 days long.
Extending this to account for leap years is an unnecessary complication
that will not affect the results or conclusions.

o No linear trends. Growing or shrinking populations, or changes in health
conditions, could result in linear (or other) trends in the disease incidence.
A trend term is included in Equation (4.1) since, if the procedures can
appropriately adjust for the seasonal component, it can also adjust for a
linear trend.

o No holiday or other such effects. Holiday and day-of-the-week trends may
be present in real syndromic surveillance data. However, while these
effects are not included in Equation (4.1) and not accounted for in this
thesis, it would be relatively straightforward to extend these methods to
account for these effects. Furthermore, Dunfee and Hegler (2007)
concluded that such effects had minimal to no consequence on the
statistical methods and subsequently viewed as an unnecessary
complication of the analysis.

For a given day i, the observations for each data stream | are generated
independently of the others. The correlation still exists in the data because all of the data
streams have a common systematic component. Throughout the simulations in this study,
we always generate four streams of data. Figure 4 illustrates a year of generated

background disease incidence data using this model.
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One Year of Generated Multivariate Data in Four Dimensions
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Count

Count

Count
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Day

Figure4. An example of generated background disease incidence data with

parameters: f =90, A=20, o0=10

MODELING DISEASE OUTBREAK BEHAVIOR

In order to assess the relative performance of the methods in the context of

syndromic surveillance, we define the out-of-control condition by the disease outbreak
behavior. We consider two candidates for outbreak behavior, namely, constant (e.g., Reis
et al. 2003; Brillman et al. 2005) and linear (e.g., Goldenberg et al. 2002; Stoto et al.

2006) increases to the incidence counts.

Our outbreak model is parameterized by the starting day, the peak, and the

duration of the outbreak. Instead of modeling the out-of-control condition as a constant
increase in the data (as in the initial simulations), our disease outbreaks are modeled by a
linear increase in the data until the peak occurs, followed by a linear decrease throughout

the rest of the outbreak period. These outbreaks are assumed to be symmetric around the

center of the outbreak period.
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A systematic disease outbreak component, @, is included as another term in the

additive model from Equation (4.1) so that the observation X, ; for day i in dimension j

is

where

Xi | :max(O,[,B+ai+a), +Yi’j(,b’)—‘) “2)

i —(s +d7_1]‘ i is in the outbreak period

0, I is outside the outbreak period

p is the peak magnitude of the outbreak component.

d is the duration of the outbreak in days. We will only consider outbreak
durations of an odd number of days to eliminate the case of two

consecutive peak days.
s is the starting day of the outbreak.

During the outbreak period, @ represents the systematic departure from the

background disease incidence behavior. Figure 5 illustrates the change in the

component for a particular instance of a disease outbreak.

Figure 5.
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In the simulations, we will define the peak magnitude p in terms of a percentage

7 of the baseline, suchthat p=7-4.
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V. THE SIMULATIONS

The main simulations in this study compare the relative performance of the
modified MCUSUM and MEWMA methods over various background disease incidence

behaviors and various outbreak magnitudes, as summarized in Table 1.

None Small Large
0 20 80
n/a 10 30
T 10% 25% 50%

Table 1.  Parameter Values for =90

All simulations are conducted in MATLAB 7.3.0 (R2006b).

A CASES

With a single background disease incidence baseline set to =90, we developed

eighteen simulation cases based on all combinations of the input parameters from Table

1. These cases are presented in Table 2.

25



Outbreak | Sliding | Estimate of | MEWMA |MCUSUM

Baseline | Amplitude | Data Sigma | Peak |Baseline| Residual SD | ContLim | ContLim

Case B A o p n o hvewma | Pcusum
1 90 80 30 45 30 30.11 3.28 4.64
2 90 80 30 22.5 30 30.11 3.28 4.64
3 90 80 30 9 30 30.11 3.28 4.64
4 90 80 10 45 30 10.62 3.31 4.78
5 90 80 10 22.5 30 10.62 3.31 4.78
6 90 80 10 9 30 10.62 3.31 4.78
7 90 20 30 45 40 31.46 3.26 4.6
8 90 20 30 225 40 31.46 3.26 4.6
9 90 20 30 9 40 31.46 3.26 4.6
10 90 20 10 45 35 10.59 3.26 4.6
11 90 20 10 225 35 10.59 3.26 4.6
12 90 20 10 9 35 10.59 3.26 4.6
13 90 0 30 45 45 31.29 3.27 4.62
14 90 0 30 225 45 31.29 3.27 4.62
15 90 0 30 9 45 31.29 3.27 4.62
16 90 0 10 45 35 10.58 3.25 4.57
17 90 0 10 225 35 10.58 3.25 4.57
18 90 0 10 9 35 10.58 3.25 4.57

Table 2. Simulation Parameters

The scenario parameters n, 65, hyewma, @aNd hyeusun @re functions of the
defined background behavior (/i’, A,a). We determined the values of these parameters

empirically, as follows:

o n - from the univariate work of Dunfee and Hegler (2007),

o G, - using adaptive regression on 800,000 days of background disease
incidence data for each background scenario, as suggested in Chapter 1V,
Section C,

. hyvewwa @Nd hycusum - USING the method calibration technique described in

Chapter Il, Section D.

In addition to the varying outbreak peaks (p) each case is evaluated over

multiple outbreak durations. Specifically, we ran each case over odd day outbreak
durations from 3 — 15 days and generated plots to examine the relative performance of

the methods as the outbreak duration changed.
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B. SIMULATION SEQUENCE OF EVENTS
In order to run the methods on simulated data we developed the following startup

procedures:

Pick a uniformly distributed random start day in the seasonal cycle (1 to
365). Each time the simulation resets, a new start day is assigned. This
allows for the methods to run equally on all regions of the seasonal cycle.

Generate startup data for the number of days given by the “optimal”
sliding baseline n. This data is required before the adaptive regression
technique can begin.

Begin applying the method as described in Chapter IV, Section C. The
outbreak begins 100 days after the method begins running. This startup
period effectively loads background disease behavior into the method’s
memory.

In addition, the following rules applied in our simulations:

If an alarm signals before the outbreak begins (i.e., during the startup
period), reset all method statistics. This alarm is not counted, because we
are only concerned with comparing the methods’ performance during
outbreak periods. In other words, all statistics are collected conditional on
the event that an outbreak has begun after an initial in-control startup
period.

Begin counting days for output statistics on the first day of the outbreak.

Run the main sequence until the first signal occurs, and record the run
length.

Each scenario is run for 2,500 replications.

Using the recorded run lengths, we derived estimates of the ATFS, ATFS given a

true signal, and Percent Miss statistics along with their respective standard errors.

C. PERFORMANCE RESULTS
The simulations show that the MEWMA and MCUSUM perform almost

identically under all of the 18 cases we evaluated. Figure 6 illustrates the results from

simulation case 1.
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Figure 6.  Plots for Case 1 simulation: (a) ATFS Given True Signal, (b) Percent Miss

Using the hypothesis test described in Appendix C, we conclude that there is a
statistical difference in the ATFS Given True Signal statistics. On average, the MEWMA
signals faster during the outbreak period, however this statistical significance is not
practically significant. In the case 1 simulation, the maximum difference in the ATFS
Given True Signal statistic is 0.2693 days. This difference is so small that the methods
can be considered equivalent in practice. This small statistical difference is present in all

of the cases except cases 3, 9, and 15 (where =30 and p=9). In these cases, the

hypothesis test shows no difference at all between the two methods.

In addition, it is important to note that the observed differences could simply be
the result of some imprecision in how we set 4 and k. Specifically, it is quite possible
that a slight additional adjustment in k would result in statistical insignificance between
the MEWMA and MCUSUM performance under this measure.

Both methods performed even more similarly under the Percent Miss metric, with
statistically significant differences occurring only under short outbreak durations. Again,
these are very small differences, but in all cases where a difference exists, it is the
MEWMA that has a smaller Percent Miss estimate. For a comprehensive listing of
results plots and statistical difference calculations, see Appendix B and Appendix C,

respectively.
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Figure 7. Plots for cases 1, 7, and 13 (solid lines - MEWMA, dashed lines -
MCUSUM). All three cases have f =90,0 =30,and p =45, illustrating the

invariance of method performance with respect to changes in the amplitude
component.

29



Figure 7 illustrates that the adaptive regression procedure in the modified methods

effectively removes the systematic component of the synthetic syndromic surveillance

data. For cases 1, 7, and 13 all of the parameters are fixed (ﬂ=90, o =30, p:45)

except for the amplitude component of the seasonal sinusoid. The seasonal sinusoid is
not included in case 13 (A: O), so the case 13 plots demonstrate performance results on
stationary data similar to traditional SPC data. Inspection of the resulting plots for cases
1 and 7 show a general invariance to changes in the amplitude component. Although
there is a slight decrease in Percent Miss as the amplitude increases, we conclude that the
adaptive regression technique is quite successful at accounting for the systematic, non-

stationary nature of syndromic surveillance data.
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V1. DISCUSSION AND CONCLUSIONS

A. DISCUSSION

After performing the comparative analysis, we determined that the ATFS statistic
is not a useful measure in the context of syndromic surveillance. We have shown that the
MEWMA and the MCUSUM perform similarly under our controlled scenarios using the
ATFS measure. This result does not give an observer any information about the
timeliness of detecting the outbreak. Many of the run lengths collected for the ATFS
statistic were longer than the outbreak period. Even though the method does signal later
in time, the signal is too late to be considered helpful to any efforts by a public health
response team. For longer run lengths, we also cannot tell if the alarm was caused by a
delayed response to the outbreak itself, or if in fact, the alarm is a false signal caused by

noise in the system.

Instead, the other two measures, ATFS Given True Signal and Percent Miss, both
provide constructive information to a medical response worker. The ATFS Given True
Signal demonstrates how fast a method signals, when it actually does catch the outbreak
present. The Percent Miss metric illustrates how good the method is able to detect
outbreaks. These measures are applicable in a controlled setting where the analyst knows
that there is an outbreak present. In the real world, the presence of an outbreak is not
known, at least not until after the outbreak has occurred, so these measures are not

applicable in practice.

Since there seems to be no performance advantage to using the MEWMA or the
MCUSUM, this result leads us to prefer the MEWMA method for procedural reasons.
Past literature has provided sufficient analysis and intuitive recommendation for the
choice of the 4 parameter; however, choosing an appropriate k is much more difficult to
understand. Currently, there is no research to guide one on the trade-offs in various k
values, thereby preventing well-steeped grounds for any choice in k. While the methods
perform with no statistical difference, we thus prefer the MEWMA over the MCUSUM

simply for the procedural simplicity of the former.
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B. FUTURE RESEARCH

The work presented in this thesis conducts uses idealized, simulated data streams
which do not account for holiday or day-of-the-week effects. While such an inclusion
would provide a more realistic data series, Dunfee and Hegler (2007) concluded that
these effects were of minimal to no consequence. However, future work might look to
confirm this finding for multivariate methods applied to multivariate data. In addition,
the systematic effects in this work were characterized by a smooth sinusoidal function.
Comparison of the methods’ performance when the systematic effects are more random

and/or less smooth would be useful.

The disease outbreak behavior modeled in this thesis assumes that disease
outbreaks are temporary in nature. Future research might consider the effects of long-
term outbreaks on performance. The form of the outbreaks was a simple linear increase
and linear decrease. Future research should evaluate the performance of the methods for
other forms of outbreaks. In addition, this work incorporated an outbreak component
uniformly across all dimensions of the data. Further study may evaluate the sensitivity of

these methods when an outbreak is only present in one or some dimensions.

The work presented in this thesis analyzed only two specific multivariate
detection methods. Further exploration into other methods may identify even better
techniques for the syndromic surveillance problem. Fricker (2007) found the MCUSUM
outperformed some other methods (such as Hotelling’s T? and Healy’s MCUSUM), but
additional comparisons between the methods listed herein against others are always
warranted. (For a description of other multivariate methods see Shmueli and Fienberg,
2006.)

Little work has been done to compare the performance of multivariate methods
against multiple univariate techniques in the syndromic surveillance setting. While some
introductory research has explored this topic (see, for example, Fricker 2007), further

research is warranted.
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The methods presented here were tested on simulated data that exhibit the major
characteristics of syndromic surveillance data but do not completely mimic realistic data.
The multivariate CUSUM and EWMA methods were applied to the same set of data in an
attempt to rate the relative performance against each other in a more controlled fashion
than could be achieved from analysis on real data. Future research in this topic may
include assessing the procedures’ performance on actual data in order to confirm that
these results do generalize to the real public health problem.
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APPENDIX A.

This appendix includes the main MATLAB code developed in this thesis.

A MEWMA (INITIAL)

The mewma function generates data based on the traditional SPC
assumptions and input parameters and runs the MEWMA method on these
data recording the length of each individual run (number of days

o oP

o

% until the method signals). This function is used in the initial
% simulations.

% Input - a structure containing input parameters including the

% elements:

% contLim -- the control limit

% lambda -- the constant lambda parameter

% oocMean -- the magnitude of the out-of-control mean

% icMean -- the value of the in-control mean

% icSigma -- the in-control covariance matrix

% numStreams -- the number of data streams (dimensions) to
% generate

% numLoops -- the number of times to run the MCUSUM

% Output - a structure containing the run lengths from the simulation
% runLengths -- the vector of generated run lengths

function [mewmaResults]= mewma (inputParameters)

[o)

contLim = inputParameters.mewmaContLim;
lambda =inputParameters.lambda;

oocMean = inputParameters.oocMean;
icMean = inputParameters.icMean;

icSigma = inputParameters.icSigma;
numStreams = inputParameters.numStreams;
numLoops = inputParameters.numlLoops;

% Calculate the Covariance Matrix and its Inverse for 'z infinity'
% for the MEWMA method

sigmazInfinity = (lambda / (2-lambda)) * icSigma;
sigmaZInfinityInverse = inv(sigmaZInfinity);

% Initialize the Parameter Values---—--——-——————————————————————————————

% Run the MEWMA method---------—— -7 ---—--—-—--————————— - ——————

indivRuns = zeros (numLoops,1l);
for j=1:numLoops
z = zeros (numStreams, 1) ;
mew = 0.0;
runLength = 0;
while (mew <= contLim)
newObs = mvnrnd (oocMean, icSigma) ';
temp = (lambda * (newObs - icMean)) + ((l-lambda)*z);
for g=l:numStreams
if temp(g,1l) < O
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z(q,1) = 0;

else
z(q,1l) = temp(qg,1);
end
end
mew = sqrt(z'*sigmaZInfinityInverse*z);
runlength = runLength + 1;
end
indivRuns (j, 1) = runlength;

end

Q

% Save the vector of run lengths in the output structure---—-——----------
mewmaResults.runLengths = indivRuns;

B.  MCUSUM (INITIAL)

o\

The mcusum function generates data based on the traditional SPC
assumptions and input parameters and runs the MCUSUM method on these
data recording the length of each individual run (number of days

o\

o\

% until the method signals). This function is used in the initial
% simulations.

% Input - a structure containing input parameters including the

% elements:

% contLim -- the control limit

% k -—- the constant k parameter

% oocMean -- the magnitude of the out-of-control mean

% icMean -- the value of the in-control mean

% numStreams -- the number of data streams (dimensions) to
% generate

% numLoops -- the number of times to run the MCUSUM

% Output - a structure containing the run lengths from the simulation
% runlengths -- the vector of generated run lengths
function [mcusumResults] = mcusum(inputParameters)

[

% Initialize the Parameter Values—--————————————————————————————————————
contLim = inputParameters.mcusumContLim;

k = inputParameters.k;

oocMean = inputParameters.oocMean;

icMean = inputParameters.icMean;

icSigma = inputParameters.icSigma;

numStreams = inputParameters.numStreams;

numlLoops = inputParameters.numLoops;

[

% Define the in-control mean vector and covariance matrix--------—-————-—-
icSigmalInv = inv(icSigma) ;

kVector = ones (numStreams, 1) *k;

MCUSUMk = sqgrt (kVector'*icSigmaInv*kVector);

% Run the MCUSUM method--—---—-----—-----—-———————————————————~————\————————
indivRuns = zeros (numLoops,1l);
for i=1:numLoops



s = zeros (numStreams, 1) ;
y = 0.0;
runLength = 0;
while y < contLim
temp = s;
newObs = mvnrnd (oocMean,icSigma) ';
c = sqgrt ((temp+newObs-icMean) '*icSigmalnv* (temp+tnewObs—
icMean)) ;
if ¢ > MCUSUMk
temp2 = (temp + newObs - icMean) * (1-(MCUSUMk/c)) ;
else
temp2 = zeros (numStreams,1);
end
for stream = 1l:numStreams
if temp2(stream,1l) < O
s(stream,l) = 0;
else
s(stream,l) = temp2(stream,1);
end
end
y = sqrt(s'*icSigmalnv¥*s);
runlLength = runLength + 1;
end
indivRuns (i, 1) = runLength;

end

%

Save the vector of run lengths in the output structure----————---————-

mcusumResults.runLengths = indivRuns;

C.

o° o o o o o° A° o° A° o° o

o o oo

o° o

o o o o

o\

o\

DATA GENERATION AND ADAPTIVE REGRESSION TOOL

The dataGeneratorRegress function is a tool that generates
multivariate syndromic surveillance data and runs the adaptive

regression technique on this data. It displays the sample
correlation matrices of the generated data and the adaptive
regression residuals. It also constructs a plot including the
generated data streams and the adaptive regression residuals.
Input - numStreams -- the number of streams/dimensions to model
numDays -- the number of days of data to simulate
baseline -—- the baseline of the data, beta
amplitude -- the amplitude of the seasonal cycle, A
sigma -- the standard deviation of the generated noise
in the data
lookBack —-- the sliding baseline used in the adaptive
regression technique
Output - dataCorr -- the sample correlation matrix of the data
residCorr -- the sample correlation matrix of the
residuals

dataAndResidualsPlot
-- a MATLAB figure containing plots of the
generated data streams and the residual
"streams"

INPUT PARAMETERS—— === === = o oo oo



Q

% The input parameters shown here are only an example.
numStreams = 4;

numDays = 365;

% basline is either 90 (normal noise) or 0 (lognormal noise)
baseline = 90;

amplitude = 20;

sigma = 10;

lookBack = 35;

% INTITALIZE ARRAY S————— oo oo oo
dataStreams = zeros (numDays,numStreams) ;

predictions = zeros (numDays-lookBack,numStreams) ;

residuals = zeros (numDays-lookBack, numStreams) ;

means = zeros (numDays,numStreams) ;

noise = zeros (numDays,numStreams) ;

Q

% designMatrix is used in the regressions
designMatrix = ones (lookBack,2);
designMatrix(:,2) = (l:1lookBack)"';

% DATA GENERATION-—————— e e e
% Generate the underlying sinusoid
for day = l:numDays
means (day, :) ...
= ones (1,numStreams) * (amplitude* (sin (2*pi*day/365))+ baseline);
end

% Generate the noise for all streams and all days

if (baseline == 90)

noise = random('norm',0.0,sigma, numDays, numStreams) ;
elseif (baseline == 0)

noise = random('logn',1.0,sigma, numDays,numStreams) ;
end

[

% Store the day's observations, force minimum count to zero
dataStreams = max (dataStreams,ceil (means+noise));

[

% Report the correlation structure of the generated data
dataCorr = corr (dataStreams);

disp ('The sample correlation matrix is:');

disp (dataCorr) ;

% REGRESSION SECTION-———————— - m o e
for stream = l:numStreams
for day = (lookBack+l) :numDays

% Grab the counts from the previous "lookBack" # of days
regressData = dataStreams ((day-lookBack) : (day-1), stream);

% Daily regression calculation, b holds the model coefficients
b = regress(regressData, designMatrix);
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Q

% Predict tomorrow's count
tomorrowData = [1 lookBack+1l];
predictions = tomorrowData*b;

Q

% Calculate residual values
residuals (day-lookBack, stream)...

= dataStreams (day, stream) - predictions;
end
end
residCorr = corr(residuals);
disp('The correlation matrix of the residuals is:');

disp(residCorr) ;

% GENERATE PLOTS—-=—————— e e e e
% The remaining code plots the generated data streams and the residual
% "streams" from the regression in a single figure
dataRegress = figure('Name', 'Data and Residuals', 'NumberTitle', 'Off');
for index = l:numStreams

subplot (numStreams, 1, index) ;

plot (1l:numbDays,dataStreams (:, index)) ;

xlabel ('Day Number');

ylabel ('Count') ;

subplot (numStreams, 2, 2*index-1) ;

plot (1:numbDays,dataStreams (:, index)) ;

xlabel ('Day number');

ylabel ('Count') ;

subplot (numStreams, 2, 2*index) ;

plot ( (lookBack+1:numDays), residuals (:,index)) ;

xlabel ('Day number');

ylabel ('Residuals’');
end
saveas (dataRegress, 'dataAndResidualsPlot.fig"');

D. MODIFIED MEWMA FOR SYNDROMIC SURVEILLANCE DATA

o

The mewmaData function generates syndromic surveillance data based on
the input parameters and runs the modified MEWMA method on
these data (using adaptive regression) recording multiple useful

o

o

% statistics. This function is used in the main simulation analysis.
% Input - a structure containing input parameters including the

3 elements:

% contLim -- the control limit

3 lambda —-- the constant lambda parameter

% icMean -- the value of the in-control mean

% icSigma -- the in-control covariance matrix

% numStreams —-- the number of data streams (dimensions) to
% generate

% numStreams -- the number of streams/dimensions to model
% numLoops -- the number of times to run the MCUSUM

% baseline -- the baseline of the data, beta

% amplitude -- the amplitude of the seasonal cycle, A
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o\

dataSigma -- the standard deviation of the noise in the

% data

% lookBack -- the "optimal" sliding baseline, n

% outbreak -— boolean, true if an outbreak is modeled

% outbreakLength -- the duration of the outbreak in days

% outbreakMax -- the peak magnitude of the outbreak

% component

% Output - a structure containing the run lengths from the simulation
% runLengths -- the vector of generated run lengths

% ATFS -- estimate of the ATFS

% ATFSse -- standard error of the ATFS estimate

S detections -- logical vector, 1 if detected during the

% outbreak, 0 otherwise

% percentDetections —-- percentage of runs detected during the
% outbreak

% percentMiss -- percentage of runs not detected during
% the outbreak

% percentMissSE -- standard error of percentMiss estimate
% ATFSGivenDetect -—- ATFS given that the signal was detected
% during the outbreak

% ATFSseGivenDetect -- standard error of the ATFSGivenDetect
% estimate

function [mewmaResults]= mewmaData (inputParameters)

% INITIALIZE INPUT PARAMETERS————————— oo
contLim = inputParameters.mewmaContLim;
lambda =inputParameters.lambda;

icMean = inputParameters.icMean;

icSigma = inputParameters.icSigma;
numStreams = inputParameters.numStreams;
numLoops = inputParameters.numLoops;
baseline = inputParameters.baseline;
amplitude = inputParameters.amplitude;
dataSigma = inputParameters.dataSigma;

lookBack = inputParameters.lookBack;

outbreak = inputParameters.outbreak;

if (outbreak)
outbreakLength = inputParameters.outbreakLength;
outbreakMax = inputParameters.outbreakMax;
outbreakPeakDay = (outbreakLength + 1) / 2;
outbreakSlope = outbreakMax/outbreakPeakDay;

end

[

% Define the designMatrix used in the regressions
designMatrix = ones (lookBack,2);
designMatrix(:,2) = (l:lookBack)';

residual = zeros (numStreams,1l);

% Calculate the Covariance Matrix and its Inverse for 'z infinity'
% for the MEWMA method

sigmazInfinity = (lambda / (2-lambda)) * icSigma;
sigmaZInfinityInverse = inv(sigmaZInfinity);
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% GENERATE
runLengths =
detections =
for j=1:numLoops
g =
mew = 0.0;
runLength = 0;
randomStartDay =
currentDay =
outbreakStartDay =
dataStreams =
% Generate Startup
for i=1:1lookBack
dataMean =

DATA AND RUN THE MODIFIED MEWMA--—-—-—-————————————————————————
zeros (numLoops, 1) ;
zeros (numLoops, 1) ;

zeros (numStreams, 1) ;

ceil (365*rand) ;
randomStartDay;

randomStartDay + 100 + lookBack;

zeros (500, numStreams) ;

Data

ones (1, numStreams) * (amplitude*

(sin (2*pi*currentDay/365) )+ baseline);

if (baseline ==
dataNoise

elseif (baseline

dataNoise
end

90)
random ('norm',0.0,dataSigma, 1, numStreams) ;
== 0)

random('logn',1.0,dataSigma, 1, numStreams) ;

dataStreams (currentDay, :)
max (zeros (1, numStreams) ,ceil (dataMean + dataNoise));

currentDay =
end
% Run the method
while

currentDay + 1;

(mew <= contLim)

% Calculate the level of the outbreak for the current day

if (outbreak)

if (currentDay < outbreakStartDay

currentDay >=

outbreakStartDay + outbreakLength)

outbreakLevel = 0.0;
elseif (currentDay < outbreakStartDay + outbreakPeakDay)
outbreakLevel = outbreakSlope* (currentbDay + 1 -
outbreakStartDay) ;
else
outbreakLevel = outbreakMax - outbreakSlope*
(currentDay - (outbreakPeakDay+outbreakStartDay - 1));

end
end
% Generate new
if (outbreak)
dataMean

else
dataMean

end
if (baseline ==
dataNoise

elseif (baseline

dataNoise
end

data point

ones (1, numStreams) *
(amplitude* (sin (2*pi*currentDay/365))
+ baseline + outbreakLevel);

ones (1, numStreams) *
(amplitude* (sin (2*pi*currentDay/365))+ baseline);

90)

random ('norm',0.0,dataSigma, 1, numStreams) ;
== 0)
random('logn',1.0,dataSigma, 1, numStreams) ;

dataStreams (currentDay, :) =
max (zeros (1, numStreams) ,ceil (dataMean + dataNoise));
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% Regress on the data to get residual
for stream = l:numStreams

Q

% Grab the counts from the previous "lookBack" # of days
regressbData =
dataStreams ( (currentDay-lookBack) : (currentDay-1),stream);

Daily regression calculation, b holds the model
coefficients
= regress (regressbData, designMatrix);

O oo o

Q

% Predict tomorrow's count
tomorrowData = [1 lookBack+1];
predictions = tomorrowData*b;

Q

% Calculate residual values
residual (stream, 1) =

dataStreams (currentDay, stream) - predictions;
end
% Run the MEWMA method on the residual
newObs = residual;
temp = (lambda * (newObs - icMean)) + ((l-lambda)*z);

for g=l:numStreams
if temp(g,1l) < O
z(q,1) = 0;
else
z(q,1) = temp(q,1);
end
end
mew = sqrt(z'*sigmaZInfinityInverse*z);
% If the method signals in the init period (first 100 days of
% running) the MEW statistic resets.
if ((currentDay < randomStartDay + 100 + lookBack) &&
mew > contLim)
mew = 0.0;
end
% Start the runLength counter after the init period
if (currentDay >= randomStartDay + 100 + lookBack)
runlength = runlLength + 1;
end
currentDay = currentDay + 1;
end
runLengths (j, 1) = runLength;
if (outbreak && runLengths(j,1l) <
detections (j,1) = 1;

outbreakLength)

end
end

$ SAVE THE RESUL TS === m oo oo o o
mewmaResults.runlengths = runLengths;
mewmaResults.ATFS = mean (runlengths) ;
mewmaResults.ATFSse = std(runLengths) /sgrt (numLoops) ;
if (outbreak)
percentDetections = mean (detections);
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percentMiss = 1 - percentDetections;

percentMissSE = sqrt (percentDetections*percentMiss/numLoops) ;
if (detections == 0)
ATFSGivenDetect = 0;
ATFSseGivenDetect = 0;
else
detectionsLogical = logical (detections);
runLengthsGivenDetect = runLengths (detectionsLogical);
ATFSGivenDetect = mean (runLengthsGivenDetect);
ATFSseGivenDetect = .
std (runLengthsGivenDetect) /sgrt (length (runLengthsGivenDetect)) ;
end
mewmaResults.detections = detections;

mewmaResults.percentDetections = percentDetections;

mewmaResults.percentMiss = percentMiss;

mewmaResults.percentMissSE = percentMissSE;

mewmaResults.ATFSGivenDetect = ATFSGivenDetect;

mewmaResults.ATFSseGivenDetect = ATFSseGivenDetect;
end

E. MODIFIED MCUSUM FOR SYNDROMIC SURVEILLANCE DATA

o\

The mcusumData function generates syndromic surveillance data based
on the input parameters and runs the modified MCUSUM method on
these data (using adaptive regression) recording multiple useful

o\

o\

% statistics. This function is used in the main simulation analysis.
% Input - a structure containing input parameters including the

% elements:

% contLim -- the control limit

% k -—- the constant k parameter

% icSigma -- the in-control covariance matrix

% numStreams -- the number of data streams (dimensions) to

% generate

% numLoops -- the number of times to run the MCUSUM

% baseline -—- the baseline of the data, beta

% amplitude -- the amplitude of the seasonal cycle, A

% dataSigma -- the standard deviation of the noise in the

% data

% lookBack -- the "optimal" sliding baseline, n

% outbreak -- boolean, true if an outbreak is modeled

% outbreakLength -- the duration of the outbreak in days

3 outbreakMax -- the peak magnitude of the outbreak

3 component

% Output - a structure containing the run lengths from the simulation
3 runlengths -- the vector of generated run lengths

% ATFS -- estimate of the ATFS

3 ATFSse -- standard error of the ATFS estimate

% detections -- logical vector, 1 if detected during the

% outbreak, 0 otherwise

% percentDetections —-- percentage of runs detected during the
% outbreak

% percentMiss -- percentage of runs not detected during
% the outbreak

% percentMissSE -- standard error of percentMiss estimate
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o\

ATFSGivenDetect -—- ATFS given that the signal was detected
during the outbreak

o\

S ATFSseGivenDetect —-- standard error of the ATFSGivenDetect
% estimate
function [mcusumResults] = mcusumData (inputParameters)

% INITIALIZE INPUT PARAMETERS-—=—=—— == === oo

contLim = inputParameters.mcusumContLim;
k = inputParameters.k;

icSigma = inputParameters.icSigma;
numStreams = inputParameters.numStreams;
numLoops = inputParameters.numlLoops;
baseline = inputParameters.baseline;
amplitude = inputParameters.amplitude;
dataSigma = inputParameters.dataSigma;

lookBack = inputParameters.lookBack;
outbreak = inputParameters.outbreak;

if (outbreak)
outbreaklLength = inputParameters.outbreakLength;
outbreakMax = inputParameters.outbreakMax;
outbreakPeakDay = (outbreakLength + 1) / 2;
outbreakSlope = outbreakMax/outbreakPeakDay;

end

[o)

% designMatrix is used in the regressions
designMatrix = ones (lookBack,2);
designMatrix(:,2) = (l:1lookBack)';
residual = zeros (numStreams,1l);

[o)

% Define the in control mean vector and covariance matrix
icSigmalnv = inv(icSigma) ;

kVector = ones (numStreams, 1) *k;

MCUSUMk = sqgrt (kVector'*icSigmaInv*kVector);

% GENERATE DATA AND RUN MODIFIED MCUSUM-=———————————————————————————————
runlengths = zeros (numLoops,1);
detections = zeros (numLoops,1l);
for j=1:numLoops
s = zeros (numStreams, 1) ;
y = 0.0;
runLength = 0;
randomStartDay = ceil (365*rand);
currentDay = randomStartDay;
outbreakStartDay = randomStartDay + 100 + lookBack;
dataStreams = zeros (500, numStreams) ;
% Generate Startup Data
for i=1:1lookBack
dataMean = ones (l,numStreams) *
(amplitude* (sin (2*pi*currentDay/365))+ baseline);

if (baseline == 90)
dataNoise = random('norm',0.0,dataSigma,l,numStreams);
elseif (baseline == 0)
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dataNoise = random('logn',1.0,dataSigma,l,numStreams) ;
end
dataStreams (currentDay, :) = max(zeros (l,numStreams),
ceil (dataMean + dataNoise));
currentDay = currentDay + 1;

Run the method
while y < contLim

Q

% Calculate the level of the outbreak for the current day
if (outbreak)
if (currentDay < outbreakStartDay || currentDay >=
outbreakStartDay + outbreakLength)
outbreakLevel = 0.0;
elseif (currentDay < outbreakStartDay + outbreakPeakDay)

outbreakLevel outbreakSlope*
(currentDay + 1 - outbreakStartDay):;
else
outbreakLevel = outbreakMax - outbreakSlope*
(currentDay - (outbreakPeakDay+outbreakStartDay - 1));

end
end
% Generate new data point
if (outbreak)

dataMean

ones (1, numStreams) * .
(amplitude* (sin (2*pi*currentDay/365))+
baseline + outbreakLevel) ;
else

dataMean = ones(l,numStreams)*
(amplitude* (sin (2*pi*currentDay/365) )+ baseline);

end
if (baseline == 90)

dataNoise = random('norm',0.0,dataSigma,1l,numStreams) ;
elseif (baseline == 0)

dataNoise = random('logn',1.0,dataSigma,1l,numStreams);
end

dataStreams (currentDay,:) = ...
max (zeros (1, numStreams) ,ceil (dataMean + dataNoise));
% Regress on the data to get residual
for stream = 1l:numStreams
% Grab the counts from the previous "lookBack" # of days
regressData =
dataStreams ( (currentDay-lookBack) : (currentDay-1),stream);

Daily regression calculation, b holds the model
coefficients
= regress (regressData, designMatrix);

O oo oo

\O

s Predict tomorrow's count

tomorrowbData = [1 lookBack+1l];

predictions = tomorrowData*b;

% Calculate residual values

residual (stream,1l) =

dataStreams (currentDay, stream) - predictions;
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end
% Run the MCUSUM method on the residual

temp = s;
newObs = residual;
c = sqrt((temp+newObs) '*icSigmalInv* (temp+newObs)) ;
if ¢ > MCUSUMk
temp2 = (temp + newObs)* (1- (MCUSUMk/c)) ;
else
temp2 = zeros (numStreams,1);
end
for stream = 1l:numStreams
if temp2(stream,1l) < O
s(stream,l) = 0;
else
s(stream,l) = temp2(stream,1);
end
end
y = sqrt(s'*icSigmalnv¥*s);
% If the method signals in the init period (first 100 days of
% running) the MCUSUM statistic resets.

if ((currentDay < randomStartDay + 100 + lookBack) && y >

contLim)
s = zeros (numStreams, 1) ;
y = 0.0;

end
% Start the runLength counter after the init period
if (currentDay >= randomStartDay + 100 + lookBack)
runLength = runlLength + 1;
end
currentDay = currentDay + 1;
end
runLengths (j, 1) = runLength;
if (outbreak && runLengths(j,1) <= outbreakLength)
detections (j,1) = 1;
end
end

% SAVE THE RESULTS———————————— e e e e
mcusumResults.runlengths = runLengths;
mcusumResults.ATFS = mean (runlLengths);
mcusumResults.ATFSse = std(runLengths) /sqrt (numLoops) ;
if (outbreak)

percentDetections = mean (detections);

percentMiss = 1 - percentDetections;

percentMissSE = sqgrt (percentDetections*percentMiss/numLoops) ;

if (detections == 0)

ATFSGivenDetect = 0;

ATFSseGivenDetect = 0;
else
detectionsLogical = logical (detections);
runlLengthsGivenDetect = runlLengths (detectionsLogical);
ATFSGivenDetect = mean (runlLengthsGivenDetect) ;
ATFSseGivenDetect = std(runLengthsGivenDetect)
/sqgrt (length (runLengthsGivenDetect)) ;
end
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mcusumResults.detections = detections;

mcusumResults.percentDetections = percentDetections;

mcusumResults.percentMiss = percentMiss;

mcusumResults.percentMissSE = percentMissSE;

mcusumResults.ATFSGivenDetect = ATFSGivenDetect;

mcusumResults.ATFSseGivenDetect = ATFSseGivenDetect;
end

F. MAIN SIMULATION ENGINE

o

The mainSimulation file is the main engine used to run the
simulations in this comparative study. It needs access to mewmData.m
and mcusumData.m in order to perform the adaptive regression
technique and modified MEWMA/MCUSUM methods. Given a specific
background disease incidence scenario and maximum outbreak magnitude,
mainSimulation runs both methods for a given number of times over a
varying outbreak duration (3-15 days) and records the ATFS, ATFS
Given True Signal, and PercentMiss statistics along with the
respective plots.
Input - The inputs are not read into the program from another file.
They are entered in the appropriate sections below. The
input variables are:

0% 0° o° o o O° o o° o° o

o\

% caseNumber —-— the ID number of the simulated case

% mewmaContLim -— the MEWMA control limit

% mcusumContLim -- the MCUSUM control limit

% baseline -- the baseline for the data, beta

% amplitude -- the amplitude of the seasonal cycle,
% A

% dataSigma -- the standard deviation of the noise

% in the data

% outbreakPercent -- the max magnitude of the outbreak as
% a percentage of the baseline

% numLoops -— the number of times to run the

% methods

o

The rest of the input parameters are STATIC throughout all
simulations and do not need to be changed.
Output - This simulation saves records all ATFS, ATFS Given True
Signal, and Percent Miss estimates (with standard errors),
and it also generates plots of these three measures.

o o o

o

o\°

INPUT THE CASE PARAMETERS----------—--———— -
caseNumber = 1;

input.mewmaContLim = 3.3;

input.mcusumContLim = 4.76;

input.baseline = 90;

input.amplitude = 80;

input.dataSigma = 30;

input.lookBack = 30;

residSigma = 30.11;

outbreakPercent = 50;

input.outbreakMax = outbreakPercent*90/100;

caseParameters = ['Baseline = ' numZ2str (input.baseline)

' Amplitude = ' num2str (input.amplitude)
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' Sigma = ' num2str (input.dataSigma)
' Outbreak Peak = ' num2str (input.outbreakMax)];

% INPUT THE SIMULATION PARAMETERS-————=-——-——————=——————————————————————
input.numLoops = 2500;

$ DEFINE THE STATIC METHOD PARAMETERS-———————————————————— oo
input.lambda = 0.2;

input.unscaledK = 0.37;

input.numStreams = 4;

% DEFINE THE STATIC OUTBREAK PARAMTERS——————————————————m——m——————— — ———
input.outbreak = true;

outbreakLengthMin = 3;

outbreaklLengthMax = 15;

outbreakLengthStep = 2;

outbreaklLengthArray = outbreakLengthMin : outbreakLengthStep
outbreaklLengthMax;

% ASSIGN IN-CONTROL CONDITIONS—=———=—— = — e e e e e e e e e e e e
% Assume the in-control mean is all zeros.

% The in-control sigma matrix depends on the case.

input.k = residSigma*input.unscaledK;

input.icMean = zeros (input.numStreams,1);

input.icSigma = residSigma”~2*eye (input.numStreams) ;

$ DECLARE STATISTIC HOLDING ARRAYS—————————————————————m————————— —— ———
% (The first column is MEWMA. The second column is MCUSUM)
ATFSGivenTrueSignalArray = zeros(7,2);

ATFSseGivenTrueSignalArray = zeros(7,2);

percentMissArray = zeros(7,2);

percentMissSEArray = zeros(7,2);

ATFSArray = zeros(7,2);

ATFSseArray = zeros(7,2);

arrayIndex = 1;

% MAIN SIMULATION EXECUTION LOOP-—--———————————————————————————————————
for index = outbreakLengthMin : outbreakLengthStep : outbreakLengthMax
input.outbreaklLength = index;
mewmaResults = mewmaData (input) ;
mcusumResults = mcusumData (input) ;
ATFSGivenTrueSignalArray(arrayIndex,l) =
mewmaResults.ATFSGivenDetect;
ATFSseGivenTrueSignalArray (arrayIndex, 1)
mewmaResults.ATFSseGivenDetect;
percentMissArray(arrayIndex,l) = mewmaResults.percentMiss;
percentMissSEArray(arrayIndex,l) = mewmaResults.percentMissSE;
ATFSArray(arrayIndex,l) = mewmaResults.ATFS;
ATFSseArray (arrayIndex,l) = mewmaResults.ATFSse;
ATFSGivenTrueSignalArray (arrayIndex,2) =
mcusumResults.ATFSGivenDetect;
ATFSseGivenTrueSignalArray (arrayIndex, 2)
mcusumResults.ATFSseGivenDetect;
percentMissArray (arraylIndex,2) = mcusumResults.percentMiss;
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percentMissSEArray (arrayIndex,?2) = mcusumResults.percentMissSE;
ATFSArray (arrayIndex,2) = mcusumResults.ATFS;
ATFSseArray (arrayIndex,2) = mcusumResults.ATFSse;
arrayIndex = arrayIndex + 1;

end

save (['case' num2str (caseNumber) 'Stats'], 'caseParameters', ...
'ATFSGivenTrueSignalArray', 'ATFSseGivenTrueSignalArray', ...
'percentMissArray', 'percentMissSEArray', ...
'ATFSArray', 'ATFSseArray');

% CONSTRUCT PLOTS FOR THE 3 MOES—-——————=——=—=——=——=———————————————————— ———

$ ATFS GIVEN TRUE SIGNAL PLOT

ATFSGivenTruePlot = figure('Name', 'ATFS Given True Signal Plot',
'NumberTitle', 'off', 'Color', 'w');

set (0, 'DefaultAxesColorOrder', [0 O O],

'DefaultAxesLineStyleOrder','-|-=-");
plot (outbreaklLengthArray, ATFSGivenTrueSignalArray, 'LineWidth', 2);
set (gca, 'XTick',outbreaklLengthMin : outbreakLengthStep
outbreakLengthMax) ;

axis([3, 15, 0, 151);

xlabel ('Duration of outbreak in days', 'FontSize',14);

ylabel ('"ATFS Given a True Signal', 'FontSize',14);

saveas (ATFSGivenTruePlot, [ 'case' num2str (caseNumber)
'ATFSGivenTrueSignalPlot.fig']);

print ('-tiff', '-deps', ['case' num2str (caseNumber)

'ATFSGivenTrueSignalPic.eps']);

% PERCENT MISS PLOT
percentMissPlot = figure('Name', 'Percent Miss Plot',
'NumberTitle', 'off', 'Color','w');
set (0, 'DefaultAxesColorOrder', [0 O 07,
'DefaultAxesLineStyleOrder', '-|-=-");

plot (outbreakLengthArray,percentMissArray, 'LineWidth', 2);

set (gca, 'XTick',outbreaklLengthMin : outbreakLengthStep

outbreaklLengthMax) ;

axis([3, 15, 0, 11]);

xlabel ('Duration of outbreak in days', 'FontSize',14);

ylabel ('Percent Miss', 'FontSize',14);

saveas (percentMissPlot, ['case' num2str (caseNumber)
'percentMissPlot.fig']);

print ('-tiff', '-deps', ['case' num2str (caseNumber)
'percentMissPic.eps']);

% ATFS PLOT

ATFSPlot = figure('Name', 'ATFS Plot', "'NumberTitle', 'off', 'Color','w');

set (0, 'DefaultAxesColorOrder', [0 O 07,
'DefaultAxesLineStyleOrder', '—|-=");

plot (outbreaklLengthArray,ATFSArray, 'LineWidth', 2);

set (gca, 'XTick',outbreaklLengthMin : outbreakLengthStep

outbreakLengthMax) ;

axis('tight'");

xlabel ('Duration of outbreak in days', 'FontSize',14);

ylabel ('ATFS', 'FontSize', 14);

saveas (ATFSPlot, [ 'case' num2str (caseNumber) 'ATFS.fig']l);

print ('-tiff','-deps’', ['case' num2str (caseNumber) 'ATFSPic.eps']);
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APPENDIX B.

This appendix includes the results plots from all 18 simulation cases. In order of
presentation, the plots show (1) ATFS, (2) ATFS given a signal during the outbreak, and
(3) Percent Miss over varying outbreak durations. Note that the solid lines represent the
modified MEWMA and the dashed lines represent the modified MCUSUM.

Outbreak| Sliding | Estimate of | MEWMA | MCUSUM

Baseline | Amplitude |Data Sigma| Peak | Baseline| Residual SD | ContLim | ContLim

Case B A o p n Or hyvewma | Pucusum
1 90 80 30 45 30 30.11 3.28 4.64
2 90 80 30 225 30 30.11 3.28 4.64
3 90 80 30 9 30 30.11 3.28 4.64
4 90 80 10 45 30 10.62 3.31 4.78
5 90 80 10 225 30 10.62 3.31 4.78
6 90 80 10 9 30 10.62 3.31 4.78
7 90 20 30 45 40 31.46 3.26 4.6
8 90 20 30 225 40 31.46 3.26 4.6
9 90 20 30 9 40 31.46 3.26 4.6
10 90 20 10 45 35 10.59 3.26 4.6
11 90 20 10 22.5 35 10.59 3.26 4.6
12 90 20 10 9 35 10.59 3.26 4.6
13 90 0 30 45 45 31.29 3.27 4.62
14 90 0 30 22.5 45 31.29 3.27 4.62
15 90 0 30 9 45 31.29 3.27 4.62
16 90 0 10 45 35 10.58 3.25 4.57
17 90 0 10 22.5 35 10.58 3.25 4.57
18 90 0 10 9 35 10.58 3.25 4.57
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Case 3 Case 4
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